Abstract-As a direct determinant parameter to quantify muscle activity, the muscle thickness (MT) has been investigated in many aspects and for various purposes. Ultrasonography (US) is a promising modality to detect muscle morphological changes during contractions since it is portable, noninvasive, and real time. However, there are few reports on sensitive and efficient estimation of changes of MT in a cross-sectional plane. In this feasibility investigation, we proposed a coarse-to-fine method based on a compressive-tracking algorithm for estimation of MT changes during an example task of isometric knee extension using ultrasound images. The sensitivity and efficiency are evaluated with 1920 US images from quadriceps muscle (QM) in eight subjects. The detection results were compared with those obtained from both traditional manual measurement and the well known normalized crosscorrelation method, and the effect of the size of tracking window on detection performance was evaluated as well. It is demonstrated that the proposed method agrees well with the manual measurement. Meanwhile, it is not only sensitive to relatively small changes of MT but also computationally efficient.
The Sensitive and Efficient Detection of Quadriceps Muscle Thickness Changes in Cross-Sectional Plane Using Ultrasonography: A Feasibility Investigation I. INTRODUCTION U LTRASONOGRAPHY (US) is widely used in the field of measuring morphology changes of skeletal muscles due to its advantages, such as being stable, easy to use, low cost, and able to record instantaneous activities from deeper muscles without crosstalk from adjacent ones [1] . In recent years, US has been proved to be able to accurately measure the changes in muscle thickness (MT) [1] [2] [3] [4] [5] [6] , pennation angle or fiber orientation [7] [8] [9] [10] [11] [12] , fiber length [6] [7] [8] , [13] [14] [15] , fascicle curvature [16] , [17] , and cross-sectional area [18] [19] [20] during contractions. Because these architectural parameters could change significantly during contraction, they potentially provided a valid method of characterizing activities of various muscles. Zheng et al. [21] used sonomyography to describe the real-time architectural parameters' change detected using B-mode ultrasound images during the muscle contraction and proposed to use it for the prosthetic control [21] [22] [23] , assessment of isometric muscle contraction, [2] , [10] , [20] , [24] and isotonic contraction [25] .
Among these morphological parameters, MT has the potential to be the most direct determinant to quantify muscle activity in a cross-sectional plane. Previous studies have shown that changes in MT, measured with ultrasound, are a valid index to provide insight into muscle contraction as compared with electromyography (EMG) [26] . Miyatani et al. [27] used the MT to estimate the muscle volume of the quadriceps femoris based on US; Raney et al. [28] used the MT to document the effects of the spinal manipulation on muscle contraction behavior, and Ohata et al. [29] employed MT to quantify the muscle strength of people with severe cerebral palsy. English et al. [30] validated that ultrasound was a reliable measure of the MT in acute-stroke patients for some anatomical sites. However, MT was traditionally measured by an experienced operator, and the process is not only subjective, but also time-consuming. Recently, researchers have presented several computer-aided methods which could be used to estimate the MT or related parameters. In longitudinal direction, we previously proposed an automatic tracking strategy to achieve the continuous and quantitative measurement for MT of gastrocnemius muscle in ultrasound images [5] . Darby et al. [31] proposed a method to automatically track movement of features, in localized tissue portions. And they provided an automated approach, which has no strong assumptions on the fascicle shape, to estimate the skeletal muscle fascicle curvature [16] . Loram et al. [13] used an interpolated control-pointsbased normalized cross-correlation (NCC) method to track continuous changes in a human muscle contractile length in a longitudinal direction, where the ultrasound echo of the muscle would exhibit certain spatial consistency in adjacent regions. In a cross-sectional plane, Shi et al. [2] demonstrated the feasibility of using the changes of MT extracted from the NCC method to characterize the muscle fatigue. Two rectangular windows were selected for the upper and lower boundaries of the biceps brachii in the cross-sectional plane, and a cross-correlation algorithm was used to measure the distance between their centers as MT at each moment. Koo et al. [32] used an automated muscle-boundary-tracking algorithm based on the NCC method to track the pectoralis major muscle boundaries during dynamic contraction. The detections of the muscle motion and patterns in a cross-sectional plane have also been employed to investigate the finger flexion motion and finger positions [33] , [34] .
However, for a sensitive and efficient detection of MT changes in the cross-sectional plane, the NCC method has several drawbacks. Apart from an intensive calculation requirement, a more general problem with NCC is the choice of the tracking window size [13] . The larger the window size is, the more robust while less sensitive to fine changes of MT, the tracking would be, and vice versa. We believe that both sensitivity and efficiency to fine changes detection of MT are crucial in muscle study based on ultrasound image sequences, which are commonly acquired nowadays at frame-rate of 12-30 Hz and the interframe muscle motion is usually relatively small. Therefore, in this study, an effective coarse-to-fine method, based on the compressivetracking algorithm [35] followed by a fine-tuning step, is proposed to detect thickness changes in quadriceps muscle (QM) in a cross-sectional plane.
II. METHODS

A. Subjects and Experiment Protocol
Eight healthy subjects (six male and two female, mean ± SD, age = 33.6 ± 5.2 years; body weight 65.9 ± 11.7 kg; height = 165 ± 7.0 cm) volunteered to participate in this study. No participant had a history of neuromuscular disorders, and all were aware of experimental purposes and procedures. Human subject ethical approval was obtained from the relevant committee in the Hong Kong Polytechnic University, Hung Hom, Hong Kong, and an informed consent was obtained from the subject prior to the experiment. The testing position of the subject was in accordance with the User's Guide of a Norm dynamometer (Humac/Norm Testing and Rehabilitation System, Computer Sports Medicine, Inc., MA, USA). Each subject was seated with both the right hip and knee at angles of 90
• and was required to put forth his/her maximal effort of isometric knee extension for a period of 3 s, with verbal encouragement provided. The maximal voluntary contraction (MVC) was defined as the highest value of the torque recorded during the entire isometric knee extension. The MVC torque was then calculated by averaging the two recorded highest torque values from the two tests under the same conditions. The subject performed several warm-up Fig. 1 . Experimental setup for collecting ultrasound images from the subject's right QM during isometric knee extension. The ultrasound probe was aligned perpendicularly to QM belly using a multidegree adjustable bracket.
trials to get familiar with the experiment protocol. After a rest of 5 min, the subject was instructed to perform ramp increasing then decreasing contractions, up to 90% of his/her MVC, using isometric knee extension. During each contraction, a torque production template, serving as a target, and the subject's realtime torque signal were displayed together on a computer screen placed in front of him/her. Each test was repeated twice with a rest of 5 min between two adjacent trials. The torque was measured by the aforementioned dynamometer and the reason for choosing 90% MVC as the highest value was to avoid muscle fatigue.
B. Data Acquisition and Data Processing
A real-time B-mode ultrasonic scanner (EUB-8500, Hitachi Medical Corporation, Tokyo, Japan) with a 10 MHz electronic linear array probe (L53L, Hitachi Medical Corporation, Tokyo, Japan) was used to obtain ultrasound images of muscles. The long axis of the ultrasound probe was arranged perpendicularly to the long axis of the thigh on its superior aspect, 40% distally from the knee (measured from the anterior superior iliac spine to the superior patellar border) [36] , [37] . The ultrasound probe was fixed by a custom-designed foam container with fixing straps, and a very generous amount of ultrasound gel was applied to secure the acoustic coupling between the probe and skin during muscle contractions, as shown in Fig. 1 . The probe was adjusted to optimize the contrast of muscle fascicles in ultrasound images [1] , and the position was marked to ensure that the probe was placed at the same site every time. Then, the B-mode ultrasound images were digitized by a video card (NI PCI-1411, National Instruments, Austin,TX, USA) at a rate of 25 frame/s for later analysis. Before the test began, an ultrasound image was collected from the subject on the RF muscle under the relaxed condition as a reference. A total of 8 (subjects) × 240 (frames) ultrasound images with 556 × 418 pixels were acquired, and all the images were cropped to keep the image content only. Ultrasound images and torque signals were simultaneously collected and stored by custom-developed software for the ultrasonic measurement of motion and elasticity (UMME, http://www.tups.org) for further analysis. The time delay between the different data collection systems was calibrated using a method similar to that described by our earlier study [38] . A given B-mode ultrasound image frame corresponded to a given torque value point.
All signals were processed offline, using programs written in MATLAB (Version 7.12, MathWorks, Inc., Natick, MA, USA) on a PC equipped with Windows 7, Intel (R) Core i3 3.30 GHz processors and 2 GB RAM.
C. Coarse Locating
The proposed coarse-to-fine method for the automatic detection of MT changes includes two stages: coarse locating and fine-tuning, as shown in Fig. 2 . The first stage of our method is to extract coarse location using the compressive-tracking algorithm [35] . Here, the tracking problem is formulated as a detection task. In the first frame of each ultrasound image sequence, three initial tracking windows are selected manually along the top and bottom of the RF muscle and femur, respectively. In this selection procedure, each window is placed such that its horizontal center line lies at the exact boundary of RF muscle or femur, as shown in Fig. 3 . The sizes of these windows are chosen empirically to include sufficient features for a reliable tracking. At each incoming frame, some positive samples (near the current target location) and negative samples (far away from the object center) will be sampled to update the classifier. To predict the object location in the next frame, some samples around the current target location are drawn and the one with the maximal classification score is treated as the expected loca- 
D. Fine-Tuning Step
The MT at each moment is defined as the vertical distance among windows location. Specifically speaking, the thickness of rectus femoris muscle (RFT) is defined as the maximum vertical distance between window A and window B, the thickness of vastus intermedius muscle (VIT) is defined as the maximum vertical distance between window B and window C, and the thickness of QM is defined as the minimum vertical distance between window A and window C. The locations of these windows will be determined by two different ways, which will be stated as follows and illustrated in Fig. 3: 1) Edge-based method: The compressive-tracking algorithm provides a rough location of the tracked window. Then, for windows B and C, the Canny edge detector and maximal connected components search will be used to extract the edge. The Canny edge detector transfers the window image to a binary image, and then maximal connected components search technology will be used to find the exact boundary of interests, as illustrated in Fig. 3 . 2) Center-based method: There exist multiple boundaries for window A, after applying the canny edge detector. Therefore, the location of window A will be calculated as the center of this corresponding window, as illustrated in Fig. 3 .
E. Methods Evaluation
The manually derived measurement by the investigator using ImageJ software (ImageJ, National Institutes of Health, USA) was treated as the golden standard (true MT), and the true thickness was calculated as the average manually measured vertical distance of two boundaries by two investigators. This manual measurement was repeated three times by each investigator. It has a high degree of repeatability (R 2 = 0.984, P < 0.001) and reproducibility (R 2 = 0.961, P = 0.003). A quantitative assessment of the detection accuracy was obtained by evaluating the percentage change rate (PCR) of the muscle defined as follows:
where T was the resultant MT at each frame, and T 0 was the reference MT, which was captured under the relaxed condition. The NCC method, see Appendix B for details, was implemented to detect the MT change and the same window size was selected. Bias and jitter are used as metrics to quantify the performance of the method. Bias is the mean of the difference error of PCR, which is compared with the manually derived measurement, and jitter represents the error of the bias, i.e., jitter is measured as the standard deviation of the displacement error [39] . Fig. 4(a) -(c) showed a typical PCR result of QMT and RFT from a representative subject. The synchronized torque signal at the same time was shown in Fig. 4(d) . In this example, there was an obvious thickness increase of RF muscle when the muscle began to contract and when the muscle almost finished relaxing, as labeled by ellipses with dotted lines. The two methods, both, detected these changes successfully. However, the proposed method demonstrated more sensitivity to fine changes of MT with more amplitude details during the muscle struggling to reach its MVC and beginning to relax than the NCC method. Fig. 5 showed the jitter and bias for difference errors of PCR from all subjects.
III. RESULTS
A. Detection of MT Changes
B. Computational Time
The size of windows A, B, and C were selected as 100×40, 160 × 40, and 100 ×40, respectively. The interframe computation cost of window B, as an example, was shown in Table I . It is found in this example that NCC method required significantly more time than the proposed method. It should be noted that, the computational cost is dependent on the window size, which will be investigated in the following section.
C. Effect of the Window Size
To look into the effect of different choices of the tracking window size, taking window B of subject #1 as an example, the tracking window was placed such that its horizontal center line lies at the bottom boundary of RF muscle and the window size was then varied in terms of both the width and height. Specifically speaking, the width varied from 30 to 300 pixels with a step of ws = 10 and the height varied from 20 to 200 pixels with a step of hs = 10. In other words, the tracking of window B for 239 incoming frames of subject #1 was run for a total of 28 times, and the results is shown in Fig. 6(a) , where the color from blue to red indicates the increasing of mean difference of all frames between the proposed method and the manual measurement. The result of the same experiment but using the NCC method is shown in Fig. 6(b) . The computation costs corresponding to Fig. 6(a) and (b) are illustrated in Fig. 6(c) , where the color from blue to red indicates the increasing of computation cost.
IV. DISCUSSION
The main objective of this preliminary investigation is to provide a sensitive and efficient solution for the detection of QM thickness changes in the cross-sectional plane. The first merit of the proposed method is the reduced computation cost compared to NCC method, which has been employed for MT measurement previously [2] , [32] . On the data from eight normal subjects it is found that for the fine-tuning step, the center-based method required about 1.5 × 10 −5 s and the edge-based method required less than 6 ms, when the window sizes were 100 (window A) and 120 × 40 (window B), respectively. Taking the slightly more time-consuming window B for example, as shown in Table I , the proposed method, including coarse locating and fine-tuning, used less than 60 ms, while the NCC method needed nearly 190 ms on the MATLAB platform. It is expected to run even faster in a C/C++ implementation and be potentially available for an online and frame-by-frame estimation of MT.
It is also very interesting to find RF and VI thickness change dramatically, at the beginning of the ramp increasing and end of ramp decreasing, as labeled by ellipses with dotted lines in Fig. 4 . Meanwhile, in the span between the two ellipses, the proposed method produced more sensitive thickness estimation than the NCC method, as shown in Fig. 4 , where most of the time NCC results remained constant. The examination of an individual muscle, such as RF and VI, can provide a partial snapshot of the quadriceps activity.
The study aimed at the automatic measurement of MT in a cross-sectional plane, which is now realized with sensitivity and efficiency. Meanwhile, we would like to point out that one example of the new findings made possible the fine details revealed in Fig. 4 , where the VIT and RFT change nonlinearly, while the torque output remain roughly linear during an isometric knee extension, and interestingly, the inverse patterns of the MT change in VI and RF echo to the EMG findings by Akima et al. [40] . It should be noted that, for RF, the proposed implementation made such fine observations possible while the popular NCC almost flatten the changes out. Yet, data from more subjects than current are needed to confirm or explain the extraordinary nonlinear RFT and VIT patterns.
In terms of bias and jitter, as shown in Fig. 5 , the proposed method also outperformed the NCC method. It should also be noted that the size of the tracking window is an important parameter for both the NCC method and proposed method. As we know, the NCC method is sensitive to the size of tracking window [13] . The larger the window size (to be more concise, for windows A, B, and C, which are more longitudinally oriented than vertically oriented, the width of the window size) is, the more robust while less sensitive the tracking would be, and vice versa. As shown in Fig. 6 , the effect of the window size variation on the detection performance of the proposed method and NCC method exhibited different patterns, but both methods have certain choices of window size where the tracking performance is relatively satisfactory in terms of the measurement difference as compared to results from the manual method. This study is currently focused mainly on the feasibility of sensitive and efficient detection of the MT changes in a cross-sectional plane under a convenient experiment setup. To promote the proposed method for clinical application in pattern extraction of changes in MT, it would be necessary to increase the number of subjects and involve a greater range of tasks to comprehensively evaluate and accordingly improve the proposed method in future.
V. CONCLUSION
The results presented in this feasibility investigation provide insight into the algorithmic and computational considerations required to implement sensitive and efficient detection of MT changes in a cross-sectional plane. The computation cost, sensitivity, and effect of the size of tracking window were investigated, and the results were compared with those obtained from both traditional manual measurement and well-known NCC method. On 1920 US images from QM in eight subjects, it is demonstrated that the proposed method agrees well with the manual measurement and can outperform the cross-correlation method in terms of computation cost and sensitivity to fine changes of MT.
APPENDIX
A. Compressive Tracking Algorithm
The main steps of the compressive-tracking algorithm [35] are summarized as follows. The parameters such as α and β are decided empirically based on numerous tests.
Input: tth image frame. 1) Sample a set of image patches, D γ = {z |l(z) − l t−1 < γ} where l t−1 is the tracking location at the (t-1)th frame, and extract the features with nonadaptive low dimensionality based on compressive sensing theories. 2) For each sample z ∈ R m , its low-dimensional representation is v = (v 1 , . . . , v n )
T ∈ R n with m n. All elements in v are assumed to be independently distributed. A naive Bayes classifier H is used to feature each vector,
where p(y = 1) = p(y = 0), y ∈ {0, 1} is a binary variable which represents the sample label. The conditional 
B. Normalized 2-D Cross Correlation
The NCC algorithm is to determine the location of a desired pattern represented by a template function t inside a 2-D image function f . The template is shifted pixel-by-pixel across the image, forming a correlation plane that provides information of where the template best matches the image. 
and t denotes the mean value of the template t defined in a similar way.
